Over 3,000 people are killed and 400,000 injured annually in the US due to motor vehicle crashes involving a distracted driver. In the case of passenger vehicles, most of the distraction is within the control of the driver. However, for public transit vehicles, some distractions are caused by factors beyond the driver's control such as operating the fare box or attending to passengers. Research on the distraction of transit bus drivers is very limited, although injuries from transit vehicle accidents are generally higher because buses usually carry many passengers. This paper proposes a modular research framework for conducting a driver distraction study for transit buses. The research framework provides standardized methodologies structured into four modules -Data Collection, Analysis, Validation and Result Interpretation. The Data Collection module consists of approaches for collecting data from accident databases, surveys, and route observation. The Analysis module provide methods for classification of distracting activities, and development of statistical models that construct relationships between high risk distracting activities and driver attributes and external factors. The Validation module presents simple observation and discussion methods to sophisticated simulation techniques to check the model results. The final module contains guidelines for Results Interpretation and Usage. The framework's standardized techniques are expected to reduce the overall time and cost of conducting a transit bus driver distraction study.
Introduction
Transit accidents pose significant challenges in metropolitan areas around the world. Analysis of accident databases has found driver distraction to be a significant cause of total motor vehicle crashes [1] . Research on transit bus driver distraction conducted in the US is very limited [2, 3] , although risks of distraction are generally higher due to the driver performing added secondary tasks and attending to many passengers. With no established research framework available to study driver distractions, each study is planned and conducted independently at additional time and cost to transit agencies. This paper proposes a modular research framework for conducting a bus driver distraction study at a transit agency. The objective is to provide an agency with a set of standardized methodologies from data collection to result interpretation and application. The Data Collection module consists of methodology for data extraction from accident database, a survey instrument, and route observations forms. The Analysis module will show how to classify distracting activities, and how to develop statistical models that construct relationships between high risk distracting activities and driver attributes and external factors. The Validation module presents simple route observation and discussion methods as well as simulation techniques to check the model results. The final module contains guidelines for Results Interpretation and Usage.
The modular framework will offer flexibility in choosing one or more tools from the modules while conducting a driver distraction study. The various tools necessary for studying the sources and duration of driver distractions, the risks associated while engaging in potential distracting activities, and visual, manual, and cognitive factors that are believed to be responsible for distraction will be included in the respective modules of the framework. An agency could use these tools to classify the distracting activities into different risk zones. The distracting activities in high risk zones that pose safety concerns could be further analyzed using statistical models to quantify the impact of various factors on driver distraction. Agencies will have the option of validating the results using methods like expert opinions, Monte Carlo simulation, and/or route observations. The framework can be used for distraction studies that cover a wide range of cost and time intervals such as a low cost, quick study like analysis of existing accident databases maintained by the agencies to relatively higher cost, longer duration study involving field data collection, statistical modelling, analysis, and simulation.
Literature review
Driver distraction represents a significant problem in the personal and public transportation sector, and it has been studied by several researchers. A study funded by the American Automobile Association (AAA) Foundation [4] identified the major sources of distraction that cause crashes in personal vehicles, developed a taxonomy of driver distractions in the US, and examined the potential consequences of these distractions on driving performance. The sources of distractions of bus drivers for a major public transportation company in Australia were investigated using ergonomic methods to develop a taxonomy of the sources of distractions, along with countermeasures to mitigate their effects on drivers' performance [5, 6] . These were one of the foremost studies of distractions that affect transit bus drivers. A taxonomy of the sources of distraction was developed and descriptive statistical analysis followed but the limited sample size of drivers provided insufficient data for inferential statistical analysis. D'Souza and Maheshwari [2, 3] expanded the work of Salmon et al. [6] using multivariate statistical models and simulation to draw inferences of driver and external factors on distracting activities.
Various factors such as location, number of hours driven per week, and the driver's age, gender, and experience have impacts on the distraction of transit bus drivers [7] . For example, if the route to be driven is located in a densely populated area, there would be a greater number of passengers and a greater number of external sources of distraction as a result of more frequent stops, traffic congestion, and pedestrians [4] . Studies on the impact of age, gender, driving experience, and driving demands on driving performance suggests that younger (below 20 years) and older (above 60 years) drivers tend to be more vulnerable to the effects of distraction than middle-aged drivers [1] . D'Souza and Maheshwari [2, 3] found that age, gender, weekly driving hours, location, and driving experience have significant relationship with transit bus driver distractions.
Multivariate statistical models are widely used in transportation to study the relationship between the categorical dependent variable and a set of continuous and categorical independent predictor variables [8] [9] [10] . A Multinomial Logistic Regression (MLR) model was developed by Morfoulaki et al. [11] to identify the factors contributing to service quality and customer satisfaction (very satisfied, satisfied, somewhat dissatisfied, and very dissatisfied) with a public transit service in Greece. The impact of age and cognitive functions on driving performance has been studied extensively to predict cognitive distraction with a computational cognitive model and validating the results through simulation [12] . Although a research framework for driver distraction was not reported in the literature, other frameworks related to a driver's mental process [13] and the study of accident causality [14] provided useful inputs for development of the research framework in this paper.
Research framework
An outline of the proposed research framework presented in Figure 1 is structured into four modules -Data Collection, Analysis, Validation, and guidelines for Results Interpretation and Usage. Each module consists of relevant tools and steps for studying driver distraction.
Data collection module
This module contains a set of data collection tools: accident database, driver perception survey, and route observation. The use of accident databases could Outline of the proposed research framework.
follow the approach of McEvoy et al. [15] who reports that 13.6% of all accidents are caused by driver distraction. The accident database generated from police reports are examined to determine the locations experiencing higher accidents and subsequently establish causes of accidents including distraction related factors. A standard pre-tested survey instrument to study driver perception could be used to determine the factors (external or/and driver attributes) that relate to driver distraction and will be easy to administer and analyze. Data on driver distraction can also be collected via route observations. Analysis of such data can be used in establishing major causes of distraction that would help in developing training and policy guidelines. 
Analysis module
The Analysis module consisting of exploratory and confirmatory steps would assist in classification of distracting activities and development of statistical models for each level of distraction. McEvoy et al. [15] reports that 13.6% of all accidents were caused by distracted driving whereas USDOT [1] has estimated 17% of all accidents were caused by distracted driving. Agencies have the option of choosing one of these numbers for their analysis of accidents.
The exploratory steps will develop a system to classify data into risk zones and identify the high risk activities using a standardized distraction risk index. The confirmatory steps will develop an appropriate multivariate statistical model for the high risk distracting activities. The MLR models which have been used in previous studies [2, 3] along with other multivariate techniques could be used by transit agencies to analyze the factors that are related to distractions.
Analysis of accident databases
The accident database analysis could be used in conducting exploratory as well as confirmatory steps to determine the impact of driver distraction. However, the quality and extent of analysis will depend upon type of data collected and available for analysis (not all collected data is publicly available due to legal or other reasons). An analysis of historical accident data for the past two to three years is to be conducted to identify causes of accidents in the city's different locations (for example Northside and Southside). The accidents are to be classified as being either preventable or non-preventable. The non-preventable accidents (the bus maybe hit by another vehicle) are not caused by the bus driver. The preventable accidents (the bus hit another vehicle) could have been avoided if the bus driver had exerted more caution. Some of the preventable accidents are caused by driver distraction but the proportion is unknown.
The relationship between two categorical variables computed by Agresti [16] using a two-way contingency table could be applied by a transit agency to predict the probability of accidents due to driver distraction at two locations in a city listed in Table 1 . Let X = the explanatory (independent) categorical variable having i levels. i = 2 rows.
Let Y = the response (dependent) categorical variable having j levels. j = 2 columns. The i, j combinations of outcomes displayed in a tabular form are used to predict probabilites of events. Suppose a driver is selected at random and then classified on the basis of X and Y. The joint probability of X and Y is:
P i+ is the marginal probability representing the row total (i+). P +j is the marginal probability representing the column total (+j). n ij = cell count, where total sample size:
P(Accident in Northside) = (n 1+ )/(n) = 768/2437 = 0.32. P(Accident in Southside) = (n 2+ )/(n) = 1669/2437 = 0.67.
Using the general rule of multiplication, the probability that a driver from the Northside (Event A 1 ) will have an accident due to distraction (Event B 1 ) is:
P (A 1 and B 1 ) = P (A 1 ) P (B 1 │A 1 ) (5) = (768/2437)(105/768) = 0.043.
Using the general rule of multiplication, the probability that a driver from the Southside (Event A 2 ) will have an accident due to distraction (Event B 1 ) is: P (A 2 and B 1 ) = P (A 2 ) P (B 1 │A 2 ) (6) = (1669/2437)(227/1669) = 0.093. Table 1 data, that the overall probability of the accidents as well as the joint probability of accidents with distractions is higher in the Southside compared to Northside.
It is clear from the
In addition to location, the number of accidents is dependent to the days of the week with Fridays having the highest number of accidents in the Southside compared to Northside [17] . The time of the day for the highest number of accidents is between 12:00 PM to 6:00 PM (preventable and non-preventable) [17] . The drivers with the least experience (0 to 5 years) have the highest number of accidents (preventable and non-preventable) and correspondingly a higher number of accidents caused by distracted driving [17] .
Analysis of survey data and route observations
In the exploratory analysis, the drivers' response of the various manual, visual and cognitive distracting activities are to be classified to produce the Distraction Risk Index (DRI) that measures the potential risk associated with each risk zone [2] . The DRI considers the rating, duration, and perceptions of each distracting activity in order to classify activities into Risk Zones I and II, III and IV. In the confirmatory analysis, the MLR is suitable to model the high risk distracting activities in Risk Zone I and II using levels of distraction as the dependent variable and correlating it with the factors as independent/predictor variables. For example, categorical dependent variable (driver distraction) had more than two levels: Not Distracted, Slightly Distracted, Distracted, and Very Distracted. The independent variables included categorical variables: gender and location, and continuous variables: age, driving experience, and driving hours per week [2, 3] .
The general MLR model proposed by Moutinho and Hutcheson [18] is expressed as
where j is the identified distraction level, and j' is the reference distraction level.
The intercept β 0 is the value of Y when all the independent variables are equal to zero. β 1 , β 2 , β 3 ,… β k are the regression coefficients of X 1 , X 2 , X 3 ….. X k . Each of the regression coefficients describes the size of the contribution of risk factor X i relative to a reference category. A positive regression coefficient means that the explanatory variable increases the probability of the outcome, while a negative regression coefficient means that the variable decreases the probability of that outcome [9] . Similarly, a large regression coefficient means that the risk factor strongly influences the probability of that outcome, while a near-zero regression coefficient means that that risk factor has little influence on the probability of that outcome [9] .
An illustration of the multinomial dependent variable Y i (logit) which measures the total contribution of the five factors (independent variables) is expressed as [2, 3] : In view of space limitations, an illustration of the statistical test ratios and parameter estimates is presented in Table 2 for one Risk Zone I distracting activity (Passengers).
A standardized format to collect route data will help rapid determination of some distraction factors. The frequency distribution will be the primary exploratory step for examining the route observation data to identify major causes of the distraction. 
Validation module
The validation module will verify the statistical model results. Expert verification by safety managers in the participating agencies is the starting point for validation. Standardized route observation forms will also be developed for validation purposes. For example, the MLR model for "Passengers" is validated using the statistical outputs from SPSS [19] that are summarized in Table 2 . The likelihood ratio test using model fitting information shows that the difference in the Log Likelihood between the intercept only (without any independent variables) and the final model (with all the independent variables) computes the chi-square (χ Table 2 further presents outputs from the three binary logistic regression models along with the coefficients, Wald Statistic, and Odds Ratio and 95% CI values which are truncated to < or > 1 and includes or excludes 1 from the 95% CI.
The MLR models could also be simulated using probabilistic distributions to generate driver distraction events that would occur in practice over a range of random factors. Simulation generates average probability values for 1,000 drivers getting Slightly Distracted, Distracted, and Very Distracted. The results for the external factor "Location" is illustrated in Figure 2 . Simulation results for Northside and Southside locations [2] .
Results interpretation and usage module
In the last module, guidelines will be developed for the interpretation of results and application of those results in predicting driver distraction, developing policies, determining training needs, designing driver's cabin, adopting technology, etc. The results of the MLR models, simulation, and route observations would identify driver attributes and external factors that have a significant impact on high risk distracting activities. It would therefore present a challenge for the agencies to develop effective policies for handling driver behaviour, so that they are less likely to undertake distracted behaviour. Training should focus on drivers who are more likely to get distracted by specific distracting activities. Educational training program on the proper use of technological devices mounted in the cab or issued to the driver, and hazards associated with utilizing these devices while driving should focus on the drivers who are likely to get distracted with technological devices. The control panel and other devices used by the driver must be user-friendly, and not require long glances away from the forward roadway.
Conclusions
This paper has attempted to combine independent procedures for studying driver distraction into a comprehensive framework. It is one of only a few studies to consolidate methodologies for data collection, analysis, validation, and interpretation of results into a workable framework. How could a transit agency use the framework proposed in this study? Any transit agencies planning to conduct a driver distraction study could choose relevant tools from the modules according to the time available and budgetary limits such as a quick, low cost study like analysis of existing accident databases maintained by the agencies to a relatively longer duration, higher cost study involving field data collection, statistical modelling, analysis, and simulation.
As additional studies are being conducted in other agencies, the framework can be updated accordingly. The expanded data set can be used for validation as well as further refinement of the proposed framework. The modular structure of this framework permits updating and adding tools in each module as and when required without affecting the other modules. The four modules outlined in this framework is only a start and is expected to grow as more studies are conducted at transit agencies.
